Internet consumers derive significant surplus from increased product variety, and in particular, the "Long Tail" of niche products that can be found on the Internet at retailers like Amazon.com. In this paper we analyze how the shape of Amazon's sales distribution curve has changed from 2000 to 2008, and how this impacts the resulting consumer surplus gains from increased product variety in the online book market. Specifically, in 2008 we collected sales and sales rank data on a broad sample of books sold through Amazon.com and compare it to similar data we gathered in 2000. We then develop a new methodology for fitting the relationship between sales and sales rank and apply it to our data. We find that the Long Tail has grown longer over time, with niche books accounting for a larger share of total sales. Our analyses suggest that by 2008, niche books account for 36.7% of Amazon's sales and the consumer surplus generated by niche books has increased at least five fold from 2000 to 2008. We argue that this increase is consistent with the presence of "secondary" supply-and demand-side effects driving the growth of the Long Tail online. In addition, our new methodology finds that, while power laws are a good first approximation for the rank-sales relationship, the slope is not constant for all book ranks, becoming progressively steeper for more obscure books.
Introduction
The term "The Long Tail" was coined by Wired's Chris Anderson (Anderson 2004 ) to describe a phenomenon where niche products account for a much larger proportion of sales in Internet markets than they do in brick-and-mortar markets. This phenomenon has captured much attention and debate in the popular press (e.g., Gomez 2006 , Orlowski 2008 and in the information systems, marketing, and operations management literatures. In an earlier study of the Internet's Long Tail phenomenon (Brynjolfsson, Hu, and Smith (2003) , we found that sales of niche books -books that are not typically stocked in brick-and-mortar bookstores -enhanced consumer surplus by $731 million to $1.03 billion in 2000.
Given the high interest level in Amazon's Long Tail, it is important to understand how the shape of online sales distributions and the resulting consumer surplus gains will change over time. Will the phenomenon we described in 2003 increase over time, or will it be a static or even short-lived phenomenon?
One school of thought says that the same forces that created Amazon's Long Tail in the first place may continue to make it longer over time (e.g. Brynjolfsson et al. 2006) . First, exposure to niche products could drive consumers to develop a taste for more niche products. Second, by gaining access to "long tail" markets to stock their products, producers could have an increased incentive to create more new niche products over time. Finally, technologies that can drive consumers to niche products -such as search tools, product reviews, product popularity information, and recommendation engines -could improve over time, and consumers could become more familiar with these tools.
In contrast, some have argued that the Long Tail may be a short-lived phenomenon. For instance, early adopters of e-commerce are likely to have very different tastes for products than the mainstream market (Moore 2002) . As online commerce attracts more and more mainstream consumers over time, the increase in sales of mainstream popular products could outpace the increase in sales of niche products, reducing the size of The Long Tail. In addition, online search and recommendation tools could be tuned (intentionally or unintentionally) to disproportionately promote popular products (Fleder and Hosanagar 2009) . Fi-nally, producers of popular products could employ online marketing strategies to promote their products and counteract the effect of search and recommendation tools in promoting niche products. This paper analyzes whether the Long Tail phenomenon represents a temporary or permanent shift. We have collected Amazon sales and sales rank data in 2008 on a larger and broader sample of books than was available in the 2000 sample used by our 2003 paper. We then match this sample to our 2000 sample to compare changes in the profile of sales over time. Our results suggest that Amazon's Long Tail Ghose et al. 2006 , Dhar et al. 2009 , Carmi et al. 2009 ). The results in this paper indicate that while Amazon sales rank remains a good proxy for Amazon sales, different slope coefficients should be used to fit such a relationship, especially when the books being studied span a wide spectrum of popular books and niche books. This paper develops a new methodology for fitting the relationship between sales and sales rank and applies it to our 2008 data.
Literature
Economic explanations for the existence of superstars and popular products can be traced to Rosen (1981) and Frank and Cook (1995) . Brynjolfsson, Hu, and Smith (2006) point out several demand-and supply-side factors that could drive sales to niche products on the Internet, including low inventory costs, demand aggregation, and low consumer search costs caused by search tools and recommendation systems.
These demand-and supply-side factors can even reinforce each other. For instance, Cachon, Terwiesch, and Xu (2008) show that low consumer search costs can enhance a retailer's incentives to provide a large product selection. The reinforcement of these demand-and supply-side factors could drive even more sales toward niche products. Recently, researchers have explored other factors that could increase the sales of niche products. For example, Tucker and Zhang (2009) find that information about product popularity may benefit niche products with narrow appeal disproportionately and Oestreicher-Singer and Sundararajan (2009) find that the sales of a product can be influenced by the position of the product in the hyperlinked network of products.
There is also a growing body of literature that empirically examines sales distributions in various product markets. Brynjolfsson, Hu, and Simester (2007) find that the sales distribution of an Internet channel is less concentrated than that of a catalog channel, using data from a clothing retailer. Elberse and Oberholzer-Gee (2008) find that the demand for niche video products has increased, although they also find that a large number of niche products have almost zero sales. Chellappa et al. (2007) have similar findings for music sales. However, none of these papers addresses whether the Long Tail phenomenon is a temporary or permanent shift, or how it might change over time. This paper answers these questions by comparing the sales distribution of a similar profile of products over a sufficiently long period of time.
Data Analyses
The data for this paper come from a major publisher with annual sales of more than $1 billion. The publisher provided us with their Amazon sales and sales rank data on a sample of 1,598 titles over 10 weeks from June to August 2008. Overall, we have 15,980 observations of Amazon sales and sales ranks. Table   1 
Sample Matching
One may argue that our 2008 sample differs from our 2000 sample, and such a sample selection effect could have confounded the findings from comparing these two samples. A standard way to control for selection effects is the propensity score matching method suggested by Rosenbaum and Rubin (1983) . Rassler (2002) also provides many details on sample matching. The idea is to obtain a new 2008 sample that matches our 2000 sample on observable dimensions. Such a sample matching approach reduces the difference between two samples in an attempt to control for the selection effect. 
Re-estimating Amazon's Long Tail
We now estimate the log-linear relationship between Amazon sales and sales rank, using the 2008 matched sample. The linear regression model we use is:
where y i is ln (Weekly Sales) , and x i is ln(Weekly Sales Rank). The results using the 2008 matched sample are reported in Column (1) of We plot these two curves first on a normal scale and then on a logarithmic scale. Taking the natural log of Weekly Sales means that all observations with zero sales will be dropped. To utilize these observations, we now use the following negative binomial regression model:
where y i is Log(Weekly Sales), X i is a vector of explanatory variables, and E( y i | X i ) = µ i is the conditional mean (Cameron and Trivedi 1998). We model the natural log of the conditional mean as a series of n linear splines with n-1 knot points k 1 , k 2 ,..., k n −1 :
where the l-th spline is S l ( In Column (1) of Table 4 , we report the estimation results using a negative binomial regression and four splines, with knot points at the 25 th , 50 th , and 75 th percentile of x i . These results show that the coefficients on all four spline are negative and highly significant. In addition, the slope coefficient gradually changes from -0.782 to -1.680, becoming more negative as the book's sales rank increases. In other words, book sales decrease at an increasingly faster pace, as we move from popular books to niche books. Using a negative binomial regression and only one spline would result in a coefficient of -0.977 (shown in Column (2) of Table 4 ). Such a model would not have captured the accurate shape of Amazon's sales distribution curve. Using the methodology in our 2003 paper -a linear regression and only one splinewould result in an even less accurate shape of Amazon's Long Tail (shown in Column (3) of Table 4 ). As discussed earlier, applying a linear regression model would drop all observations with zero Weekly Sales, leading to even more bias in the estimation results.
We have conducted robustness checks on the results shown in Column (1) of Table 4 , by using different numbers of splines with different knot points. For instance, we have tried to use two splines with one knot point at the 50 th percentile of x i (shown in Column (4) of Table 4 ). We have consistently found results that are qualitatively similar to ones in Column (1) of Table 4 : the slope coefficient gradually becomes more negative as the book's sales rank increases.
Re-estimating The Size of Amazon's Long Tail in 2008
Figure 2 illustrates the difference between the shape of the sales-rank curve using the new and the old estimation methodology (linear regression and one spline), with the curve using the new methodology in red and the curve using the old methodology in green. With our new data we can see that methodology used by Brynjolfsson, Hu, and Smith (2003) -a linear regression with one spline -could have overestimated the size of Amazon's Long Tail. This is because the assumption that the coefficient on Log(Weekly Sales Rank) does not change as a book's sales rank increases does not seem to hold, and because using a linear regression drops observations with zero weekly sales.
Our new methodology allows us to fit the relationship between Log(Weekly Sales Rank) and Log(Weekly Sales Rank) more accurately. To obtain an accurate estimate of the total sales and the sales generated by books ranked above 100,000, we simply integrate under the curve as shown in Column (1) of Table 4 and find that books ranked above 100,000 account for 36.7% of Amazon's total sales in 2008. The estimates in Column (3) of Table 4 using the old methodology would have estimated that books ranked above 100,000 account for 82.57% of Amazon's total sales in 2008.
We use this and our other calculations to estimate the consumer surplus gain from "Long Tail" books in 2008 and compare it to our calculations in 2000. In our prior work, we used 100,000 as the cutoff point for "niche" books under the argument that the largest book superstores typically only carry that number of unique titles. The physical stock capacity of bookstores has changed little between 2000 and now, and thus we used this cutoff point to recalculate the consumer surplus generated from selling niche books on the Internet. These estimates are about five times of the estimates in Brynjolfsson, Hu, and Smith (2003) , even though the estimates in that paper are likely to have been overestimates.
Conclusions
This paper analyzes how the shape of Amazon's Long Tail has changed over time. We collect data in 2008. This finding suggests that Amazon's Long Tail phenomenon, which was first discussed by our 2003 paper, is likely to be a permanent shift instead of a short-lived phenomenon. Second, while previous research has assumed a constant slope between the log of sales and the log of sales rank, we find that the sales of a book drop at a faster speed than a regular power law (or a log-linear curve) indicates and that the slope becomes steeper as a book's sales rank increases. This finding suggests that there may be forces that limit Amazon's ability to sell books that are extremely niche. Future research is needed in order to better understand the nature of these forces.
